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INTRODUCTION 
In the study of student learning literature, the traditional view holds that when 
students are faced with heavy workload, poor teaching, and content that they cannot 
relate to – important aspects of the learning context, they will more likely utilise the 
surface approach to learning due to stresses, lack of understanding and lack of 
perceived relevance of the content (Kreber, 2003; Lizzio, Wilson, & Simons, 2002; 
Ramdsen, 1989; Ramsden, 1992; Trigwell & Prosser, 1991; Vermunt, 2005). For 
example, in studies involving health and medical sciences students, courses that 
utilised student-centred, problem-based approaches to teaching and learning were 
found to elicit a deeper approach to learning than the teacher-centred, transmissive 
approach (Patel, Groen, & Norman, 1991; Sadlo & Richardson, 2003). It is generally 
accepted that the line of causation runs from the learning context (or rather students’ 
self reported data on the learning context) to students’ learning approaches. That is, it 
is the learning context as revealed by students’ self-reported data that elicit the 
associated learning behaviour.  
However, other research studies also found that the same teaching and learning 
environment can be perceived differently by different students. In a study of students’ 
perceptions of assessment requirements, Sambell and McDowell (1998) found that 
students “are active in the reconstruction of the messages and meanings of 
assessment” (p. 391), and their interpretations are greatly influenced by their past 
experiences and motivations. In a qualitative study of Hong Kong tertiary students, 
Kember (2004) found that students using the surface learning approach reported 
heavier workload than students using the deep learning approach. According to 
Kember if students learn by extracting meanings from the content and making 
connections, they will more likely see the higher order intentions embodied in the 
content and the high cognitive abilities being assessed. On the other hand, if they 
rote-learn for the graded task, they fail to see the hierarchical relationship in the 
content and to connect the information. These rote-learners will tend to see the 
assessment as requiring memorising and regurgitation of a large amount of 
unconnected knowledge, which explains why they experience a high workload. 
Kember (2004) thus postulate that it is the learning approach that influences how 
students perceive workload. Campbell and her colleagues made a similar observation 
in their interview study of secondary students’ perceptions of teaching in the same 
classroom (Campbell et al., 2001). The above discussions suggest that students’ 
learning approaches can influence their perceptions of assessment demands and other 
aspects of the learning context such as relevance of content and teaching 
effectiveness. In other words, perceptions of elements in the teaching and learning 
context are endogenously determined. 
This study attempted to investigate the causal relationships at the individual level 
between learning approaches and perceptions of the learning context in economics 
education. In this study, students’ learning approaches and their perceptions of the 
learning context were measured. The elements of the learning context investigated 
include: teaching effectiveness, workload and content. The authors are aware of 
existence of other elements of the learning context, such as generic skills, goal clarity 
and career preparation. These aspects, however, were not within the scope of this 
present study and were therefore not investigated. 
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THE INSTRUMENTS 
Two instruments were constructed to measure students’ perceptions of the learning 
context and their approaches to learning for assessment in economics. The 
development and psychometric properties of them were reported elsewhere (Tang & 
Robinson, 2005, 2009) and are briefly outlined below. 
Perception of Learning Context  
This is a 20 item questionnaire designed to measure students’ perceptions of learning 
context in economics, based on Ramsden’s Course Experience Questionnaire 
(Ramsden, 1991), an instrument used by the Higher Education Network (Economics) 
(Pomorina, 2002), and statements collected in surveys of economics students. It 
consists of four sub-scales: Good Presentation, Facilitating Learning, Heavy 
Workload and Abstract Content & Teaching. The Cronbach alphas of the four sub-
scales are presented in Table 1.  
Table 1: Internal Consistency - Perceptions of Learning Context 
 Heavy Workload Facilitating 
Learning 
Abstract Content 
& Teaching 
Good Presentation 
 0.784 0.802 0.876 0.639 
 
All sub-scales have good to strong internal consistency; their Cronbach alphas are all 
above 0.6, with three of them close to or above 0.8. This indicates they are adequate 
for modelling purposes (Kline, 1994).  
Table 2: Factor Correlation Matrix – Perceptions of Learning Context 
Factor 1. Heavy 
Workload 
2. Facilitating 
Learning 
3. Abstract Content 
& Teaching 
4. Good 
Presentation 
1 1.000 -.123 .342 -.116 
2 -.123 1.000 -.102 .471 
3 .342 -.102 1.000 -.364 
4 -.116 .471 -.364 1.000 
 
Table 2 presents the factor correlation matrix derived from exploratory factor analysis 
(EFA). It is apparent that significant correlations exist between Good Presentation 
and Facilitating Learning, and between Heavy Workload and Abstract Content & 
Teaching. This indicates the existence of higher order factors. The two higher order 
factors are labelled “Good Teaching’ and “Workload & Relevance” (Figure 1). The 
construct of Good Teaching describes a teacher who presents well, is enthusiastic, 
understanding and responsive to students’ academic needs; a high score indicate good 
teaching. The second factor “Workload & Relevance” captures students’ perceptions 
about workload and relevance of content and teaching; a higher score signifies heavy 
workload and content being taught in an abstract manner, not relevant to their real 
world experience. While the strong correlation between Good Presentation and 
Facilitating Learning is self-evident, the association between heavy workload and 
lack of relevance is theoretically justified. If students find teaching and content 
abstract and difficult to make the necessary real world connections, they would feel 
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that they are forced to memorise and regurgitate the material for assessments. Hence, 
learning becomes laborious to these students, who would report heavy workload in 
their studies.  
Figure 1: Higher Order Factors – Perceptions of Learning Context 
 
 
In the present study, simple composite scores of the four first order factors were 
calculated for each student, and used as indicator variables for the two higher order 
factors to model students’ perceptions of the learning environment, as shown in 
Figure 1.  
Approaches to Learning for Assessment   
The second instrument is the 17-item Learning Approaches for Assessment (Tang & 
Robinson, 2009). The instrument comprised of four sub-scales: Relating, 
Understanding, Reproducing and Rote-memorising. Their Cronbach alphas, all close 
to or above 0.6 (Table 3), indicate the sub-scales have good internal consistency. 
Table 3: Internal consistency - Learning Approach for Assessment Construct 
 Understanding Reproducing Relating Rote-memorising 
 0.602 0.593 0.734 0.669 
 
Not unexpectedly, based upon results obtained from confirmatory factor analysis 
(CFA), strong correlations between Understanding and Relating (0.51), and between 
Reproducing and Rote-memorising (0.50). These factor correlations are theoretically 
meaningful. In relation to Understanding and Relating, when the student learns by 
understanding, he will be more able to relate concepts to personal experience, which 
characterises the deep learning approach. Similarly, rote-memorising and learning 
with an intention to reproduce materials is the defining feature of the surface learning 
approach. The existence of the deep and surface learning approaches has been well 
documented in student learning research (Biggs, 1987; Biggs, Kember, & Leung, 
2001; Entwistle, 1989; Fox, McManus, & Winder, 2001; Kember & Leung, 1998; 
Marton & Saljo, 1976a, 1976b; Ramsden, 1992; Richardson, 1998; Watkins & 
Akande, 1992; Watkins & Regmi, 1990). So there is strong theoretical and empirical 
justification for utilising the higher order model for modelling learning for 
assessment. In this study, simple composite scores were computed for each of the 
four sub-scales, which were used as indicator variables for the deep and surface 
learning approaches as shown in Figure 2. 
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Figure 2: Higher Order Factors – Approaches to Learning for Assessment 
 
The two instruments are presented in the appendix of this paper. 
THE STUDY  
The study was designed to investigate the causality of learning approaches and 
perceptions. Students were surveyed twice. In the first survey which took place in 
their first lecture of their economics unit, the Approaches to Learning for Assessment 
Questionnaire was administered. Students were asked to describe their approaches to 
learning for assessment by thinking about their past learning experience. This survey 
measured students’ general or preferred learning approaches for assessments. In the 
second survey conducted at the end of semester, a questionnaire comprising the two 
instruments (Approaches to Learning for Assessment and Perceptions of Learning 
Context) was administered. In this survey, students were asked to describe their 
learning approaches in relation to the two assessments they did during the semester, 
viz. multiple-choice questions (MCQ) exam and essay assignment, and to describe 
their perceptions about workload, quality of teaching and content in their economics 
unit. Students responded to both instruments on a five-point Likert scale according to 
the extent to which they agree or disagree with each item in the questionnaire, with 1 
indicating the student strongly disagrees with the same and 5 strongly agrees with it.  
Subjects 
The sample in this study was three groups of economics students (Economics 1, 
Economics 2 and Intermediate Macroeconomics) at a Brisbane university. Economics 
1 and Economics 2 are introductory level principles courses; both micro and 
macroeconomics are covered in Economics 1 and both are dealt with in more depth in 
Economics 2. Students were surveyed during their lectures. Participation in the 
surveys was voluntary and students were ensured that their responses would not in 
any way affect their grade in the unit. In the data analysis only students completing 
both surveys were included. The numbers of valid cases from Economics 1, 
Economics 2 and Intermediate Macroeconomics are respectively 356, 78 and 54. For 
essay assignment, the data used are from samples of all three units (n=488), but since 
Intermediate Macro did not have MCQ exam, for MCQ exam only data from Econ 1 
and Econ 2 students were used (n=434) for data analysis.  
Method 
The objective of this study is to investigate the causality between students’ 
perceptions of learning context and their learning approaches. For this purpose, three 
hypothesised models (Models 1, 2 and 3, Figure 3) are proposed and tested against 
the above data collected for each of the two assessments. In Model 1 the paths from 
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approaches to perceptions are constrained to zero; it represents the traditional view 
that the perceptions of the learning context influence students’ approaches to learning. 
Model 2, with the paths from perceptions to approaches constrained to zero, proposes 
that the line of causality is from learning approaches to perceptions. Lastly Model 3 
describes a bi-directional relationship between perceptions and approaches, where all 
paths between perceptions and approaches are freely estimated.  
Figure 3: Hypothesised Casual Models 
 
Model 1: Perceptions  Approaches  
 
Model 2: Approaches  Perceptions 
 
Model 3: Bi-directional Relationship 
Notes:  
1.  The extensions 1 and 2 refer to the learning approaches as measured in the first 
survey and second survey respectively. 
2.  Indicator variables of latent constructs are omitted for clarity. 
Two criteria will be used to assess the plausibility of each model. The first is to 
compare the overall fit of the model with raw data based on selected model fit indices 
(Byrne, 2001). The model with the best fit with data would be the preferred model, 
other things being equal. This is model comparison at the macro level. The second 
criterion is a micro level examination of the parameter estimates for each model. It is 
anticipated if the causality runs from perceptions to approaches, the relevant 
parameters in Model 2 and Model 3 will be statistically significant. If approaches 
influence perceptions, then the relevant paths in Model 1 and Model 3 will be 
statistically significant. 
 6 
Note that in all three models, students’ initial (general) learning approaches measured 
in the first survey (deep_1 and surface_1) are included. Their inclusion is not 
necessary for the estimation of the relevant path parameters for Models 1 and 2, both 
of which are recursive models. Model 3, however, is a non-recursive model. Without 
an instrumental variable the non-recursive model will be unidentified and thus cannot 
be estimated. The chosen instrumental variable is students’ initial (general) 
approaches to learning for assessment. It is postulated that students’ initial (general) 
learning approaches influence their learning approaches for a particular assessment. 
This is referred to as stability in learning approaches and is empirically established 
(Thomas, 1986). On the other hand, there has been no research evidence to suggest 
that the perceptions of the learning context are directly determined by students’ past 
learning experiences prior to the course. In other words, there should be no direct 
effect of students’ general learning approaches on perceptions of the learning context. 
Thus, the paths from “Surface_1” and “Deep_1” to “Good Teaching” and “Workload 
& Relevance" are constrained to zero. The inclusion of the instrumental variables in 
Models 1 and 2 is not for model estimation, but for the purpose of comparing model 
fit of the three alternative models.  
In order to assess the robustness of the parameter estimates and to determine if the 
causal effects of learning approaches on perceptions are spurious, two sensitivity tests 
were conducted. Sensitivity testing is aimed to determine whether the exclusion of 
other theoretically relevant variables to the model has biased the parameter estimates 
(Kline, 2005). For the purpose of conducting sensitivity tests to investigate the 
stability of the estimated parameters, two learning outcome measures were used. The 
first learning outcome is the marks students got in the two assessment items (MCQ 
exam and essay assignment). The second measure is the economic thinking ability
1
 
that students possessed at the end of the semester. The construct of economic thinking 
ability is operationalised by a 19-item instrument created by the authors; it measures 
students’ affinity of applying economic concepts to real life situations. The full model 
used for the sensitivity tests will be presented in a later section. 
Data Analysis 
For testing and estimating the hypothesised models, structural equation modelling 
(SEM) technique was used. SEM is a procedure for specifying and estimating models 
of linear relationships among variables (both measured and latent variables). SEM 
was the selected method of data analysis for several reasons. Compared with the “first 
generation” analytical tools such as multivariate analysis of covariance (MANOVA), 
multiple regression and discriminant analysis, SEM is capable of uncovering complex 
models involving multiple predictor (that is, independent) and multiple criterion (that 
is, dependent) variables, and performing path analysis with latent variables (Chin, 
1998). In a typical multiple regression analysis, the predictors are assumed to be 
measured without measurement errors. However, the SEM procedure allows for the 
estimation of measurement errors, so estimation bias associated with unreliable 
measures can be eliminated (Chin, 1998; Kline, 2005).  
                                                          
1
 The instrument taps into students’ understanding (or misunderstanding) in economics in three related 
aspects: their ideas of the subject matter that economics as a discipline deals with, their aptitude for 
economic thinking in microeconomics and macroeconomics issues presented in everyday life context. 
The instrument was included in the second survey. Its development and psychometric properties was 
discussed in Tang and Robinson (2008). 
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AMOS 6.0 (Arbuckle, 2006) was used in this study for model testing. Maximum 
Likelihood (ML) was chosen as the computational method for model estimation 
because the parameter estimates obtained using ML are robust against minor 
multivariate non-normality (Byrne, 1994; Kline, 2005; Tomarken & Walker, 2003). 
Experienced SEM researchers (Tomarken & Waller, 2005) have pointed out that 
when assessing a model both global model fit and lower order components of the 
model are considered to determine the validity of the model. In the investigations to 
be reported, the following global fit indices will be used: Chi-square statistic (2), 
normed Chi-square statistic (2/df), comparative fit index (CFI), goodness of fit index 
(GFI), standardised root mean square residual (SRMR), root mean square error of 
approximation (RMSEA) and Akaike Information Criterion (AIC). It is noted that if 
there are missing data, AMOS will not generate GFI and SRMR. This set of goodness 
of fit statistics consists of all three types of model fit indices (absolute fit indices, 
incremental fit indices and parsimonious fit indices
2
) recommended by Kline (2005). 
At the micro level of model analysis, as pointed out earlier, of most interest are the 
coefficients of the bi-directional paths in Model 3. If, for example, the traditional 
view is true, then the paths from perceptions to approaches in Model 3 will be 
significant while those in the opposite direction will not. Therefore by examining the 
significance of these reciprocal paths, empirical evidence can be obtained to shed 
light on the direction of causality.  
RESULTS 
The overall fit of the three models and parameter estimation will be discussed for 
each of the two assessment types. 
Essay assignment 
Model fit Turning first to model fit indices (Table 4), all three models fit the 
sample data well to very well, with Model 2 (ApproachesPerceptions) being 
superior on the normed Chi-square and RMSEA; the parsimony index, AIC, also 
slightly favours Model 2. However, Model 1 performs slightly better only on SRMR 
than Model 2. There is no practical difference between the three models on GFI and 
CFI. 
 
Table 4: Model Fit Indices (essay assignment) 
Model 
2
 df 
2
/df GFI CFI SRMR RMSEA AIC 
1 103.093 38 2.713 0.965 0.948 0.0454 0.059 183.093 
2 108.764 42 2.590 0.963 0.946 0.0467 0.057 180.764 
3 103.420 38 2.722 0.965 0.947 0.0454 0.059 183.420 
 
Model 2 and Model 3 are nested models. Nested model comparison (Kline, 2005) 
indicates that Model 3 (bi-directional model) does not represent a significant 
improvement over Model 2 (a Chi-square value of 5.34 with df = 4 is non-significant 
                                                          
2
 Absolute fit indices measure the extent to which the covariance matrix implied by model matches the 
observed covariance matrix. Incremental fit indices is a measure of how much the hypothesised model 
performs better than a baseline model (or null model) that assumes no population covariances among 
the observed variables. The parsimonious fit index takes into account model complexity; given two 
models with the same explanatory power, the model with a large degree of freedom (that is, a simpler 
model) is to be preferred (Kline 2005). 
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at the level of 0.1). That is, inclusion of paths from perceptions to learning 
approaches in Model 3 does not statistically improve model fit. This is an important 
result that will be discussed after scrutiny of the path coefficients.   
Parameter estimation Tables 5, 6 and 7 present the estimated path coefficients 
for the three models. For Model 1, only paths from Good Teaching to Deep_2 and 
from WL&R to Surface_2 are significant (P = 0.000), whereas in Model 2 all four 
paths from approaches to perceptions are significant at the level of 0.01 or better. The 
path parameters in the bi-directional model (Model 3) are most revealing – all the 
paths from perceptions to approaches are non-significant whereas three of the paths 
from approaches to perceptions achieve or approach significance at the level of 0.05.  
Table 5: Path Coefficients – Model 1 (essay assignment) 
   Std est P 
Deep_2  Deep_1 .585 .000 
Surface_2  Surface_1 .502 .000 
Deep_2  Good Teaching .243 .000 
Deep_2  WL&R -.070 .293 
Surface_2  WL&R .331 .000 
Surface_2  Good Teaching -.049 .383 
Note: “Std est” stands for standardised estimate throughout this paper. 
 
Table 6: Path Coefficients – Model 2 (essay assignment) 
   Std est P 
Surface_2  Surface_1 .710 .000 
Deep_2  Deep_1 .650 .000 
Good Teaching  Deep_2 .317 .000 
Good Teaching  Surface_2 -.228 .000 
WL&R  Deep_2 -.169 .004 
WL&R  Surface_2 .592 .000 
 
Table 7: Path Coefficients – Model 3 (essay assignment) 
   Std est P 
Surface_2  Surface_1 .783 .000 
Deep_2  Deep_1 .609 .000 
WL&R  Surface_2 .696 .000 
WL&R  Deep_2 -.074 .343 
Good Teaching  Deep_2 .218 .037 
Good Teaching  Surface_2 -.208 .052 
Surface_2  WL&R -.246 .288 
Deep_2  Good Teaching .112 .306 
Surface_2  Good Teaching -.113 .373 
Deep_2  WL&R -.091 .280 
 
We now compare the model fit using the MCQ exam data. 
 9 
MCQ exam 
Model fit Once again all three models fit the data very well (Table 8). Model 2 is 
marginally superior to, or equal to, the other two on all selected goodness of fit 
indices, including AIC. Nested model comparison between Model 2 and Model 3 
shows again Model 3 does not represent a significant improvement over Model 2 (a 
Chi-square of 2.573 with a df of 4 is non-significant at any conventional level). 
Table 8: Model Fit Indices (MCQ) 
Model 
2
 df 
2
/df GFI CFI SRMR RMSEA AIC 
1 74.667 38 1.965 0.973 0.963 0.0366 0.047 154.667 
2 77.103 42 1.836 0.972 0.965 0.0366 0.044 149.103 
3 74.530 38 1.961 0.973 0.963 0.0366 0.047 154.530 
 
Parameter estimation  Referring to Tables 9 to 11, the patterns of significant 
path coefficients are very similar to those for essay assignment. While all paths from 
approaches to perceptions in Model 2 are statistically significant at 0.05 or above, in 
Model 1 only paths from Good Teaching to Deep_2 and from WL&R to Surface_2 
are statistically significant. Considering now the paths from learning approaches to 
perceptions in Model 3, the paths: Deep_2Good Teaching and Surface_2WL&R 
are significant at the level of 0.01. The path: Deep_2WL&R is non-significant but 
has correct sign, and the path: Surface_2Good Teaching has correct sign and is 
significant only at the level of 0.1 (p = 0.073). On the other hand the paths from 
perceptions to learning approaches are all non-significant.  
Table 9: Path Coefficients – Model 1 (MCQ) 
   Std est P 
Deep_2  Deep_1 .511 .000 
Surface_2  Surface_1 .520 .000 
Deep_2  Good Teaching .193 .009 
Deep_2  WL&R -.085 .231 
Surface_2  WL&R .327 .004 
Surface_2  Good Teaching .031 .637 
 
Table 10: Path Coefficients – Model 2 (MCQ) 
   Std est P 
Surface_2  Surface_1 .673 .000 
Deep_2  Deep_1 .578 .000 
Good Teaching  Deep_2 .333 .000 
Good Teaching  Surface_2 -.173 .007 
WL&R  Surface_2 .555 .000 
WL&R  Deep_2 -.171 .014 
 
  
 10 
Table 11: Path Coefficients – Model 3 (MCQ) 
   Std est P 
Surface_2  Surface_1 .770 .000 
Deep_2  Deep_1 .567 .000 
Surface_2  WL&R -.219 .366 
Surface_2  Good Teaching .007 .959 
Deep_2  WL&R -.153 .176 
Deep_2  Good Teaching -.087 .541 
WL&R  Surface_2 .674 .000 
WL&R  Deep_2 -.082 .453 
Good Teaching  Surface_2 -.219 .073 
Good Teaching  Deep_2 .356 .004 
 
Summary Since the paths from perceptions to learning approaches are all non-
significant for both assessment types, by constraining them to zero, Model 3 is 
reduced to Model 2. This is substantiated by the nested model comparison discussed 
between Model 2 and Model 3, which indicates that by freeing the paths from 
perceptions to approaches, Model 3 does not represent any improvement. Therefore 
by considering both micro and macro level results, there is good, though not 
overwhelming, empirical support for the line of causation from learning approaches 
to perceptions of the learning context.  
 
SENSITIVITY TESTS  
The sensitivity tests were conducted to assess the robustness of the parameter 
estimates. In these tests, Model 3 (the bi-directional model) instead of Model 2 was 
used to test for the stability of the parameter estimates even though Model 2 
(ApproachesPerceptions) was the preferred model. The reason is that if Model 2 
was used, the paths from perceptions to approaches would be constrained to zero and 
there would be no way to test if these paths could take on other values when extra 
variables are included in the model. The estimated parameters will only serve to 
confirm the validity of Model 2. By explicitly allowing the paths from perceptions to 
learning approaches to be freely estimated (Model 3), the proposed model that argues 
for the line of causation from learning approaches to perceptions can be subjected to a 
more rigorous test. Thus, using Model 3 represents a more stringent test. If the above 
conclusion regarding the line of causality is true, then the paths from approaches to 
perceptions of the learning context will be robust and those from perceptions to 
approaches will remain non-significant in the presence of other variables that are 
associated with the perceptions and learning approaches constructs. 
In the sensitivity tests, students’ economic thinking ability score (EconThink) and 
assessment marks (Mark) were added to the model for both assessment contexts. The 
model and results of the tests are discussed below. 
The Model Referring to the model presented in Figure 4, it is argued that the 
learning approaches will affect the two learning outcomes (Mark and EconThink). It 
is expected that the deep (surface) approach will have a positive (negative) 
association with Mark and Econthink.  
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Figure 4: Sensitivity Test Model 
 
 
On the other hand, according to social psychological theory the outcome of a learning 
activity or a training program will influence the learner’s or client’s perception of the 
quality or effectiveness of the activity (or program) (Chatterji, 2003). Thus the 
student’s result in an assessment, it is argued, will influence students’ perceptions of 
teaching effectiveness, relevance of content and workload. Based on the same line of 
argument it is anticipated that students who developed a high level of economic 
thinking ability (a high EconThink score) at the end of the semester will better 
appreciate the relevance of teaching and content and likely experience less workload 
in their studies in economics. Hence they would tend to evaluate the learning context 
more favourably. Therefore causal links from learning approaches to perceptions via 
the two learning outcomes are hypothesised. 
Model fit  
The selected goodness of fit statistics presented in Table 12 shows that the model for 
essay assignment has good model fit indices and for MCQ exam the model fit 
statistics are all in the excellent range. 
Table 12: Model Fit Indices (Sensitivity Tests) 
 
2
 df 
2
/df CFI RMSEA (90% CI) 
Essay assignment 193.011 81 2.383 0.930 0.053 (.044 - .063) 
MCQ Exam 133.534 81 1.649 0.959 0.039 (.027 - .050) 
 
Parameter estimation 
Essay Assignment Referring to Table 13, both the deep and surface approaches 
(Deep_2 and Surface_2) were found to have significant effects (std est = 0.187 and -
0.234 respectively) on essay assignment mark at the level of 0.000. The signs are as 
expected; students using deep (surface) approach to learning for essay assignment 
will get higher (lower) marks. Also consistent with the prediction based on social 
psychological theory, essay assignment mark has a negative effect on students’ 
perception of the workload and relevance of their unit. The path coefficient is small in 
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effect size (std est = -0.166) but statistically significant with p = 0.002. The negative 
sign of the estimate means that getting a low mark in essay assignment the student 
will find the content more abstract and workload more heavy. On the other hand, 
essay assignment mark has no significant influence on students’ perceptions of 
teaching effectiveness of the unit, though the sign is correct.  
Turning to the other measure of learning outcome (EconThink), the surface approach 
has a large effect (std est = -0.482, p = 0.000) on EconThink, and the effect of the 
deep approach on EconThink is non-significant. On the other hand, EconThink has a 
significant small to medium size effect on WL&R (std est = -0.230. p = 0.005), but no 
significant effect on Good Teaching. The negative sign of the path from EconThink to 
WL&R means students with a low level of economic thinking ability at the end of the 
semester will tend to perceive heavy workload and think the content as abstract and 
lacking relevance.  
Table 13: Path Coefficients - Sensitivity Tests 
   Essay Assignment MCQ Exam 
   Std est P Std est P 
Surface_2  Surface_1 .723 .000 .723 .000 
Deep_2  Deep_1 .605 .000 .564 .000 
Good Teaching  Deep_2 .201 (.218) .058 .355 (.356) .004 
Good Teaching  Surface_2 -.229 (-.208) .038 -.249 (-.219) .039 
WL&R  Deep_2 -.038 (-.074) .617 -.047 (-.082) .601 
WL&R  Surface_2 .484 (.696) .000 .433 (.674) .000 
Good Teaching  EconThink -.042 .587 -.078 .331 
Good Teaching  Mark .055 .304 -.008 .897 
WL&R  EconThink -.230 .005 -.265 .001 
WL&R  Mark -.166 .002 -.198 .001 
Deep_2  Good Teaching .147 (.112) .192 -.049 (-.087) .730 
Deep_2  WL&R -.064 (-.091) .478 -.124 (-.153) .270 
Surface_2  Good Teaching -.050 (-.113) .670 .058 (.007) .649 
Surface_2  WL&R -.055 (-.246) .782 -.028 (-.219) .890 
EconThink  Deep_2 .109 .113 .110 .175 
EconThink  Surface_2 -.482 .000 -.380 .000 
Mark  Deep_2 .187 .000 .104 .102 
Mark  Surface_2 -.234 .000 -.388 .000 
 
The paths of most interest in the sensitivity test as far as testing the causal model is 
concerned are the reciprocal paths between approaches and perceptions of the 
learning context. In Table 13 the standardised estimates in the bi-directional model 
(Model 3) without Mark and EconThink are in brackets for comparison. It is evident 
that the parameters from approaches to perceptions are fairly stable except for the 
path: Surface_2WL&R, which decreased from 0.696 to 0.484. The three paths: 
Deep_2Good Teaching, Surface_2Good Teaching and Surface_2WL&R 
remain or approach significant at the level of 0.05. The path from Deep_2 to WL&R 
remains non-significant. On the contrary, all the paths from perceptions to approaches 
remain non-significant.  
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MCQ exam  The sensitivity test for MCQ exam produced very similar result to 
essay assignment and will be reviewed in brief. Table 13 shows that learning 
approaches impact on the two learning outcomes, which in turn influence students’ 
perceptions of the learning context in the same way as in essay assignment. The 
parameters of the reciprocal paths between approaches and perceptions confirm the 
integrity of the model with most parameter estimates only marginally altered. As in 
essay assignment, all the paths from perceptions to approaches are very small and 
non-significant even at the level of 0.1.  
Summary The sensitivity tests conducted for the two assessments were able to 
reproduce all the significant paths from approaches to perceptions. This result shows 
that these paths are robust and not spurious due to some third factor associated with 
the perceptions and learning approaches. Besides testing for the direction of causality, 
the test results show that the effects of learning approaches on perceptions are 
partially mediated by students’ performance in an assessment and their level of 
economic thinking ability achieved at the end of the semester. Thus, the empirical 
results from the sensitivity tests have accumulated evidence in support of the direct 
and mediated effects of students’ learning approaches on their perceptions of the 
learning context. 
CONCLUSION 
This paper investigates the causality between perceptions of contextual elements and 
learning approaches. Based upon data collected in two assessment contexts, three 
alternative models were proposed and evaluated by comparing global fit indices of 
these models, examining the meaningfulness of the estimated parameters, and taking 
into account substantive theories. The parameter estimates obtained in the bi-
directional model are consistent with the theory that at the individual level, contrary 
to the traditional view, students’ perceptions of the learning context are a result, 
rather than a cause, of their learning approaches. It was also shown from the two 
sensitivity tests that two paths from learning approaches to perceptions of learning 
context, namely, Deep_2→Good Teaching and Surface_2→Workload & Relvance, 
are robust and have medium to large size effects.  
Lastly, the sensitivity tests also suggest a mechanism that can explain the effect of 
learning approaches on perceptions of the learning context. They indicate that these 
effects are partially mediated by students’ academic performance (measured by 
assessment marks) and their economic thinking ability. An interesting finding arose 
from the sensitivity tests concerning the influence of academic performance on 
students’ perceptions of the learning context. It was found that a student’s assessment 
mark will influence her perception of the workload and content. For example, with a 
good mark, the student will tend to more strongly agree that the content is relevant 
and workload is not heavy. However, a good mark does not influence her perception 
of teaching quality in the unit. It can be inferred from this observation that when a 
student gets a high mark in an assessment, she will not necessarily rate highly the 
quality of teaching. This implies that bribing students by giving them higher marks 
may not get the teacher a higher rating on their teaching. This is fertile area for 
further research. 
A FINAL REMARK 
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If one accepts the theory that individual students’ learning approaches influence their 
perceptions of elements of the learning context rather than the other way round, does 
it mean that improvement of content, assessment and teaching will have no effect on 
students’ learning approaches in business education? The answer is a definitive “no”. 
Enhancement of the learning context will undoubtedly influence learning approaches 
by lifting the whole cohort of students up towards deep learning, but without 
significantly disturbing their rank order in their learning approaches.  
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APPENDIX 
The Perception of Learning Context (20 items) 
Heavy Workload  
In this unit there is too much content assessed. 
In this unit the workload is too heavy. 
In this unit the pace is too fast. 
In this unit the volume of work to be got through meant it couldn’t all be learnt thoroughly. 
In this unit there is too much material to learn in this unit. 
This unit contains too much theory. 
Abstract Content & Teaching 
In this unit the teaching staff teach us in an abstract way, unrelated to real world experiences. 
In this unit the teaching staff seem more interested in testing what I have memorised than what I 
have understood. 
In this unit the teaching staff put too much emphasis on passing examinations, and not enough 
emphasis on understanding the content. 
This unit uses too many graphs. 
This unit contains too much maths. 
Good Presentation 
In this unit the teaching staff are extremely good at explaining things. 
In this unit the teaching staff present the content in a way that is meaningful to me 
In this unit the teaching staff are enthusiastic. 
In this unit the teaching staff work hard to make the topics interesting. 
This unit contains topics that are largely relevant to the real world. 
Facilitating Learning 
In this unit the teaching staff make a real effort to understand difficulties I may be having with my 
work. 
In this unit the teaching staff motivate me to do my best. 
In this unit the teaching staff give me helpful feedback on my work. 
In this unit the teaching staff are genuinely interested in helping students. 
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The Approaches to Learning for Assessment ( 17 items) 
 
When preparing for this assessment: 
Understanding 
I ask myself questions to make sure I understand the material I am learning. 
I usually set out to understand thoroughly the meaning of what I am asked to learn. 
I find myself questioning things I read, to decide if I found them convincing. 
I try to determine which concepts I don’t understand well. 
I examine the evidence in the reading carefully to decide whether the conclusion is justified. 
Relating 
I try to integrate theories and real world examples so that they become meaningful to me. 
I try to relate real life experience to the topic(s) whenever possible. 
I try to relate ideas and material to what I already know.  
I learn best through relevant examples of how the theories work in day to day living. 
Rote-memorising 
I find I have to remember or copy a lot from readings and texts, with very few ideas of my own.  
I memorise or copy things that I believe are important, without necessarily trying to fully understand 
them. 
Although I study enough information and details, I find it difficult to fit them together as a whole. 
I find that I often read and summarise a lot of material without understanding it well. 
Reproducing 
The best way for me to understand what technical terms mean is to remember the textbook definitions. 
I mainly focus on key terms and factual details of the topic(s). 
I make lists of important terms and definitions and memorise the lists.    
The best way to learn is to run through materials many times to drum concepts into my head.   
 
